Essays in Econometrics
Collected Papers of Clive W. J. Granger

Volume II: Causality, Integration and
Cointegration, and Long Memory

Edited by
Eric Ghysels

University of North Carolina
at Chapel Hill

Norman R. Swanson
Texas A&M University

Mark W. Watson

Princeton University

) UNIVERSITY PRESS



PUBLISHED BY THE PRESS SYNDICATE OF THE UNIVERSITY OF CAMBRIDGE
The Pitt Building, Trumpington Street, Cambridge, United Kingdom

CAMBRIDGE UNIVERSITY PRESS

The Edinburgh Building, Cambridge CB2 2RU, UK

40 West 20th Street, New York, NY 10011-4211, USA

10 Stamford Road, Oakleigh, VIC 3166, Australia

Ruiz de Alarcon 13, 28014 Madrid, Spain

Dock House, The Waterfront, Cape Town 8001, South Africa

http://www.cambridge.org
© Cambridge University Press 2001

This book is in copyright. Subject to statutory exception

and to the provisions of relevant collective licensing agreements,
no reproduction of any part may take place without

the written permission of Cambridge University Press.

First published 2001

Printed in the United States of America

Typeface Times Roman 10/12 pt. System QuarkXPress [BTS]
A catalog record for this book is available from the British Library.

Library of Congress Cataloging in Publication Data
Granger, C. W. J. (Clive William John), 1934—
Essays in econometrics: collected papers of Clive W. J. Granger / edited by
Eric Ghysels, Norman R. Swanson, Mark W. Watson.
p. cm. - (Econometric Society monographs; v. 32)
Contents: v. 1. Spectral analysis, seasonality, nonlinearity, methodology, and
forecasting — v. 2. Causality, integration and cointegration, and long memory.
ISBN 0-521-79697-0 (set : pbk.) — ISBN 0-521-77297-4 (v. 1) — ISBN 0-521-77496-9
(v.1:pbk.) — ISBN 0-521-79207-X (v. 2) — ISBN 0-521-79649-0 (v. 2 : pbk.)
1. Econometrics. 1. Title: Collected papers of Clive W. J. Granger. II. Ghysels,
Eric, 1956- 1II. Swanson, Norman R. (Norman Rasmus), 1964— IV. Watson,
Mark W. V. Title. VI. Series.

HB139.G69 2001
330".01"5195-dc21
00-034306

ISBN 0521 79207 x hardback
ISBN 052179649 0 paperback
ISBN 0521 79697 0 paperback set



Contents

Acknowledgments page xiii
List of Contributors xvii
Introduction 1

ERIC GHYSELS, NORMAN R. SWANSON, AND MARK WATSON

PART ONE: CAUSALITY

1.

Investigating Causal Relations by Econometric

Models and Cross-Spectral Methods, C. W. I. GRANGER,
Econometrica, 37,1969, pp. 424-38. Reprinted in

Rational Expectations, edited by J. SARGENT AND R.

Lucas, 1981, University of Minnesota Press. 31
Testing for Causality: A Personal Viewpoint,

C. W. J. GRANGER, Journal of Economic Dynamics and

Control, 2, 1980, pp. 329-52. 48
Some Recent Developments in a Concept of Causality,

C. W. J. GRANGER, Journal of Econometrics, 39, 1988,

pp- 199-211. 71
Advertising and Aggregate Consumption: An Analysis

of Causality, R. ASHLEY, C. W. J. GRANGER AND

R. SCHMALENSEE, Econometrica, 48, 1980, pp. 1149-67. 84

PART TWO: INTEGRATION AND COINTEGRATION

5.

Spurious Regression in Econometrics, C. W. J. GRANGER

AND P. NEWBOLD, Journal of Econometrics, 2, 1974,

pp. 111-20. 109
Some Properties of Time Series Data and Their Use in
Econometric Model Specification, C. W. J. GRANGER,

Journal of Econometrics, 16,1981, pp. 121-30. 119



10.

11.

12.

13.

14.

15.

16.

Contents

Time Series Analysis of Error Correction Models,

C. W. J. GRANGER AND A. A. WEISS, in Studies in
Econometrics: Time Series and Multivariate Statistics,
edited by s. KARLIN, T. AMEMIYA, AND L. A. GOODMAN,
Academic Press, New York, 1983, pp. 255-78.
Co-Integration and Error-Correction: Representation,
Estimation, and Testing, R. ENGLE AND C. W. J. GRANGER,
Econometrica, 55, 1987, pp. 251-76.

Developments in the Study of Cointegrated Economic
Variables, C. . J. GRANGER, Oxford Bulletin of
Economics and Statistics, 48, 1986, pp. 213-28.
Seasonal Integration and Cointegration, S. HYLLEBERG,
R. F. ENGLE, C. W. J. GRANGER, AND B. S. YOO, Journal

of Econometrics, 44,1990, pp. 215-38.

A Cointegration Analysis of Treasury Bill Yields, A. D.
HALL, H. M. ANDERSON, AND C. W. J. GRANGER, Review of
Economics and Statistics, 74, 1992, pp. 116-26.
Estimation of Common Long Memory Components
in Cointegrated Systems, J. GONZALO AND

C. W. I. GRANGER, Journal of Business and Economic
Statistics, 13,1995, pp. 27-35.

Separation in Cointegrated Systems and
Persistent-Transitory Decompositions,

C. W. J. GRANGER AND N. HALDRUP, Department of
Economics, Oxford Bulletin of Economics and
Statistics, 59, 1997, pp. 449-64.

Nonlinear Transformations of Integrated Time Series,
C. W. J. GRANGER AND J. HALLMAN, Journal of Time
Series Analysis, 12,1991, pp. 207-24.

Long Memory Series with Attractors, C. W. J. GRANGER
AND J. HALLMAN, Oxford Bulletin of Economics and
Statistics, 53,1991, pp. 11-26.

Further Developments in the Study of Cointegrated
Variables, C. W. J. GRANGER AND N. R. SWANSON,

Oxford Bulletin of Economics and Statistics, 58, 1996,
pp- 374-86.

PART THREE: LONG MEMORY

17.

An Introduction to Long-Memory Time Series
Models and Fractional Differencing, C. W. J. GRANGER
AND R. JOYEUX, Journal of Time Series Analysis, 1, 1980,
pp- 15-29.

129

145

173

189

212

232

254

269

286

302

321



18.

19.

Contents

Long Memory Relationships and the Aggregation of
Dynamic Models, c. W. J. GRANGER, Journal of
Econometrics, 14, 1980, pp. 227-38.

A Long Memory Property of Stock Market Returns
and a New Model, z. DING, C. W. J. GRANGER AND

R. E. ENGLE, Journal of Empirical Finance, 1, 1993,

pp- 83-106.

Index

X1

338

349

373



CHAPTER 1

Investigating Causal Relations by
Econometric Models and Cross-Spectral
Methods*

C. W. J. Granger

There occurs on some occasions a difficulty in deciding the direction
of causality between two related variables and also whether or not
feedback is occurring. Testable definitions of causality and feedback are
proposed and illustrated by use of simple two-variable models. The
important problem of apparent instantaneous causality is discussed and
it is suggested that the problem often arises due to slowness in record-
ing information or because a sufficiently wide class of possible causal
variables has not been used. It can be shown that the cross spectrum
between two variables can be decomposed into two parts, each relating
to a single causal arm of a feedback situation. Measures of causal lag and
causal strength can then be constructed. A generalization of this result
with the partial cross spectrum is suggested.

The object of this paper is to throw light on the relationships between
certain classes of econometric models involving feedback and the func-
tions arising in spectral analysis, particularly the cross spectrum and the
partial cross spectrum. Causality and feedback are here defined in an
explicit and testable fashion. It is shown that in the two-variable case the
feedback mechanism can be broken down into two causal relations and
that the cross spectrum can be considered as the sum of two cross
spectra, each closely connected with one of the causations. The next three
sections of the paper briefly introduce those aspects of spectral methods,
model building, and causality which are required later. Section IV pre-
sents the results for the two-variable case and Section V generalizes these
results for three variables.

* Econometrica,37,1969,424-438. Reprinted in Rational Expectations, edited by T. Sargent
and R. Lucas, 1981, University of Minnesota Press.
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I. SPECTRAL METHODS

If X, is a stationary time series with mean zero, there are two basic
spectral representations associated with the series: (i) the Cramer
representation,

X, =] e™dz, (o), M

where z, () is a complex random process with uncorrelated increments
so that

Hdz,(@)dz, (V)] =0,  o=A4,
=dF.(0), 0o = ; 2
(i) the spectral representation of the covariance sequence
ur = AX X, )=[ e“dF @) ©)

If X, has no strictly periodic components, dF,(®) = f(w)dw, where
f(w) is the power spectrum of X,. The estimation and interpretation of
power spectra have been discussed in Granger and Hatanaka (1964) and
Nerlove (1964). The basic idea underlying the two spectral representa-
tions is that the series can be decomposed as a sum (i.e., integral) of
uncorrelated components, each associated with a particular frequency. It
follows that the variance of the series is equal to the sum of the vari-
ances of the components. The power spectrum records the variances of
the components as a function of their frequencies and indicates the
relative importance of the components in terms of their contribution to
the overall variance.

If X, and Y, are a pair of stationary time series, so that Y, has the
spectrum f,(w) and Cramer representation

Yt = J._ﬂ” eitw dZy (a)),

then the cross spectrum (strictly power cross spectrum) Cr(®) between
X, and Y, is a complex function of @ and arises both from

Hdz,(0)dz, ()] =0, 0%,
=Cr(w)dw, w = 1;
and
Y =EXY, .= j_”” ™ Cr(w)dw.

It follows that the relationship between two series can be expressed
only in terms of the relationships between corresponding frequency
components.

Two further functions are defined from the cross spectrum as being
more useful for interpreting relationships between variables: (i) the
coherence,
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_cr(e)’
=7 @

which is essentially the square of the correlation coefficient between
corresponding frequency components of X, and Y, and (ii) the phase,

_, imaginary part of Cr(w)

¢(w) =tan

real part of Cr(w) ’

which measures the phase difference between corresponding frequency
components. When one variable is leading the other, ¢(®)/® measure the
extent of the time lag.

Thus, the coherence is used to measure the degree to which two series
are related and the phase may be interpreted in terms of time lags.

Estimation and interpretation of the coherence and phase function
are discussed in Granger and Hatanaka (1964, chaps. 5 and 6). It is worth
noting that ¢(®) has been found to be robust under changes in the
stationarity assumption (Granger and Hatanaka 1964, chap. 9).

If X, Y, and Z, are three time series, the problem of possibly mis-
leading correlation and coherence values between two of them due to
the influence on both of the third variable can be overcome by the use
of partial cross-spectral methods.

The spectral, cross-spectral matrix [f;(w)] = S(w) between the three
variables is given by

dz, (@)
E|dz,(0) |[dz,(@)dz, (0)dz. ()] =[f;(®)ldo
dz, ()
where
fi(®)=f.(w) wheni=j=x,
=Cr¥(w) wheni=x,j=y,
etc.

The partial spectral, cross-spectral matrix between X, and Y, given Z,
is found by partitioning S(w) into components:

S — [ Sll SlZ :|
S21 522
The partitioning lines are between the second and third rows, and second
and third columns. The partial spectral matrix is then
Sxy,z =8, - S12S£21521-

Interpretation of the components of this matrix is similar to that
involving partial correlation coefficients. Thus, the partial cross spectrum
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can be used to find the relationship between two series once the
effect of a third series has been taken into account. The partial coher-
ence and phase are defined directly from the partial cross spectrum
as before. Interpretation of all of these functions and generalizations
to the n-variable case can be found in Granger and Hatanaka (1964,
chap. 5).

II. FEEDBACK MODELS

Consider initially a stationary random vector X, = {X1,, X5, . . . , X}, each
component of which has zero mean. A linear model for such a vector
consists of a set of linear equations by which all or a subset of the com-
ponents of X, are “explained” in terms of present and past values of com-
ponents of X, The part not explained by the model may be taken to
consist of a white-noise random vector g, such that

Elele,]1=0, t#s,
=1, t=s, 4)

where [ is a unit matrix and 0O is a zero matrix.
Thus, the model may be written as

AX, =X A X, +e, (5)
j=1
where m may be infinite and the A’s are matrices.

The completely general model as defined does not have unique
matrices A; as an orthogonal transformation. Y, = AX, can be performed
which leaves the form of the model the same, where A is the orthogonal
matrix, i.e., a square matrix having the property AA” = I. This is seen to
be the case as 1, = Ag, is still a white-noise vector. For the model to be
determined, sufficient a priori knowledge is required about the values
of the coefficients of at least one of the A’s, in order for constraints to
be set up so that such transformations are not possible. This is the so-
called identification problem of classical econometrics. In the absence of
such a priori constraints, A can always be chosen so that the A, is a
triangular matrix, although not uniquely, thus giving a spurious causal-
chain appearance to the model.

Models for which A, has nonvanishing terms off the main diagonal
will be called “models with instantaneous causality.” Models for which
A, has no nonzero term off the main diagonal will be called “simple
causal models.” These names will be explained later. Simple causal
models are uniquely determined if orthogonal transforms such as A are
not possible without changing the basic form of the model. It is possible
for a model apparently having instantaneous causality to be transformed
using an orthogonal A to a simple causal model.
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These definitions can be illustrated simply in the two variable case.
Suppose the variables are X,, Y,. Then the model considered is of the
form

n n
X, +bY, =Y a,X,_;+>bY._ +e,
j=1 j=1

Y, +eo X, =2,¢; X, +2,dY,  +e (6)

j=1 j=1

If by = ¢y = 0, then this will be a simple causal model. Otherwise it will
be a model with instantaneous causality.

Whether or not a model involving some group of economic variables
can be a simple causal model depends on what one considers to be the
speed with which information flows through the economy and also on
the sampling period of the data used. It might be true that when quar-
terly data are used, for example, a simple causal model is not sufficient
to explain the relationships between the variables, while for monthly
data a simple causal model would be all that is required. Thus, some
nonsimple causal models may be constructed not because of the basic
properties of the economy being studied but because of the data being
used. It has been shown elsewhere (Granger 1963; Granger and
Hatanaka 1964, chap. 7) that a simple causal mechanism can appear to
be a feedback mechanism if the sampling period for the data is so long
that details of causality cannot be picked out.

III. CAUSALITY

Cross-spectral methods provide a useful way of describing the relation-
ship between two (or more) variables when one is causing the other(s).
In many realistic economic situations, however, one suspects that feed-
back is occurring. In these situations the coherence and phase diagrams
become difficult or impossible to interpret, particularly the phase
diagram. The problem is how to devise definitions of causality and feed-
back which permits tests for their existence. Such a definition was pro-
posed in earlier papers (Granger 1963; Granger and Hatanaka 1964,
chap. 7). In this section, some of these definitions will be discussed and
extended. Although later sections of this paper will use this definition of
causality they will not completely depend upon it. Previous papers con-
cerned with causality in economic systems (Basman 1963; Orcutt 1952;
Simon 1953; Strotz and Wold 1960) have been particularly concerned
with the problem of determining a causal interpretation of simultaneous
equation systems, usually with instantaneous causality. Feedback is
not explicitly discussed. This earlier work has concentrated on the form
that the parameters of the equations should take in order to discern
definite causal relationships. The stochastic elements and the natural
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time ordering of the variables play relatively minor roles in the theory.
In the alternative theory to be discussed here, the stochastic nature of
the variables and the direction of the flow of time will be central fea-
tures. The theory is, in fact, not relevant for nonstochastic variables and
will rely entirely on the assumption that the future cannot cause the past.
This theory will not, of course, be contradictory to previous work but
there appears to be little common ground. Its origins may be found in
suggestion by Wiener (1956). The relationship between the definition dis-
cussed here and work of Good (1962) has yet to be determined.

If A, is a stationary stochastic process, let A, represent the set of
past values {A,;,j=1,2,..., 0} and A, represent the set of past and
present values {A,;,j =0, 1,...,c}. Further let A(k) represent the set
{A,j=k k+1,..., 0}

Denote the optimum, unbiased, least-squares predictor of A, using the
set of values B, by P,(A | B). Thus, for instance, P(X | X ) will be the
optimum predictor of X, using only past X,. The predictive error series
will be denoted by e(A|B) = A, — P(A|B). Let 6%(A|B) be the vari-
ance of g(A |B).

The initial definitions of causality, feedback, and so forth, will be very
general in nature. Testable forms will be introduced later. Let U, be all
the information in the universe accumulated since time ¢ — 1 and let
U, - Y, denote all this information apart from the specified series Y,.
We then have the following definitions.

DEeFINITION 1: Causality. If 62X |U) < 6 X| U=Y), we say that Y is
causing X, denoted by Y, = X,. We say that Y, is causing X, if we are
better able to predict X, using all available information than if the infor-
mation apart from Y, had been used.

DEFINITION 2: Feedback. If 6%(X|U) < 6*(X| U=Y), and oX(Y| U) <
62(Y| U-X), we say that feedback is occurring, which is denoted
Y, & X, i.e., feedback is said to occur when X is causing Y, and also Y,
is causing X,.

DEFINITION 3: Instantaneous Causality. If o*(X| U, Y) < 6*(X | U), we
say that instantaneous causality Y, = X, is occurring. In other words, the
current value of X, is better “predicted” if the present value of Y, is
included in the “prediction” than if it is not.

DeriNiTION 4: Causality Lag. If 'Y, = X, we define the (integer)
causality lag m to be the least value of k such that o’[X| U - Y(k)] <
02[X| U - Y(k + 1)]. Thus, knowing the values Y,;,j=0,1,...,m -1,
will be of no help in improving the prediction of X..

The definitions have assumed that only stationary series are involved.
In the nonstationary case, o(X |T ) etc. will depend on time ¢ and, in
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general, the existence of causality may alter over time. The definitions
can clearly be generalized to be operative for a specified time ¢. One
could then talk of causality existing at this moment of time. Considering
nonstationary series, however, takes us further away from testable defi-
nitions and this tack will not be discussed further.

The one completely unreal aspect of the above definitions is the use
of the series U, representing all available information. The large major-
ity of the information in the universe will be quite irrelevant, i.e., will
have no causal consequence. Suppose that all relevant information is
numerical in nature and belongs to the vector set of time series Y? =
{Yi, i e D} for some integer set D. Denote the set {i € D, i # j} by D(j)
and {Y!,ie D(j)} by Y?) i.e., the full set of relevant information except
one particular series. Similarly, we could leave out more than one series
with the obvious notation. The previous definitions can now be used but
with U, replaced by Y, and U, - Y, by Y”). Thus, for example, suppose
that the vector set consists only of two series, X, and Y,, and that all other
information is irrelevant. Then o*(X | X ) represents the minimum pre-
dictive error variance of X, using only past X, and o’(X|X, Y) repre-
sents this minimum variance if both past X, and past Y, are used to
predict X, Then Y, is said to cause X, if 02X |X) > 6%(X|X, Y). The
definition of causality is now relative to the set D. If relevant data has
not been included in this set, then spurious causality could arise. For
instance, if the set D was taken to consist only of the two series X, and
Y,, but in fact there was a third series Z, which was causing both within
the enlarged set D’ = (X,, Y,, Z,), then for the original set D, spurious
causality between X, and Y, may be found. This is similar to spurious cor-
relation and partial correlation between sets of data that arise when
some other statistical variable of importance has not been included.

In practice it will not usually be possible to use completely optimum
predictors, unless all sets of series are assumed to be normally dis-
tributed, since such optimum predictors may be nonlinear in complicated
ways. It seems natural to use only linear predictors and the above defi-
nitions may again be used under this assumption of linearity. Thus, for
instance, the best linear predictor of X, using only past X, and past Y, will
be of the form

P(XIX,Y)=Ya,X,_;+ 2 bY,
j=1 j=1
where the a;’s and b;’s are chosen to minimize 6*(X | X, Y).

It can be argued that the variance is not the proper criterion to use
to measure the closeness of a predictor P, to the true value X,. Certainly
if some other criteria where used it may be possible to reach different
conclusions about whether one series is causing another. The variance
does seem to be a natural criterion to use in connection with linear pre-
dictors as it is mathematically easy to handle and simple to interpret. If
one uses this criterion, a better name might be “causality in mean.”
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The original definition of causality has now been restricted in order
to reach a form which can be tested. Whenever the word causality is used
in later sections it will be taken to mean “linear causality in mean with
respect to a specified set D.”

It is possible to extend the definitions to the case where a subset of
series D* of D is considered to cause X, This would be the case if
o%(X|Y?) < 6(X|Y"™") and then Y”" = X,. Thus, for instance, one
could ask if past X; is causing present X,. Because new concepts are nec-
essary in the consideration of such problems, they will not be discussed
here in any detail.

It has been pointed out already (Granger 1963) that instantaneous
causality, in which knowledge of the current value of a series helps in
predicting the current value of a second series, can occasionally arise
spuriously in certain cases. Suppose Y, = X, with lag one unit but that
the series are sampled every two time units. Then although there is no
real instantaneous causality, the definitions will appear to suggest that
such causality is occurring. This is because certain relevant information,
the missing readings in the data, has not been used. Due to this effect,
one might suggest that in many economic situations an apparent
instantaneous causality would disappear if the economic variables were
recorded at more frequent time intervals.

The definition of causality used above is based entirely on the pre-
dictability of some series, say X,. If some other series Y, contains infor-
mation in past terms that helps in the prediction of X, and if this
information is contained in no other series used in the predictor, then Y,
is said to cause X,. The flow of time clearly plays a central role in these
definitions. In the author’s opinion there is little use in the practice
of attempting to discuss causality without introducing time, although
philosophers have tried to do so. It also follows from the definitions that
a purely deterministic series, that is, a series which can be predicted
exactly from its past terms such as a nonstochastic series, cannot be said
to have any causal influences other than its own past. This may seem to
be contrary to common sense in certain special cases but it is difficult to
find a testable alternative definition which could include the determinis-
tic situation. Thus, for instance, if X, = bt and Y, = c(¢ + 1), then X, can be
predicted exactly by b + X,_; or by (b/c)Y,,. There seems to be no way
of deciding if Y, is a causal factor of X, or not. In some cases the nota-
tion of the “simplest rule” might be applied. For example, if X, is some
complicated polynomial in t and Y, = X,,;, then it will be easier to predict
X, from Y, than from past X,. In some cases this rule cannot be used,
as the previous example showed. In any case, experience does not indi-
cate that one should expect economic laws to be simple in nature.

Even for stochastic series, the definitions introduced above may give
apparently silly answers. Suppose X, = A, +¢&,Y,=A,+n,and Z, = A,
+ 7%, where g, 1, and v are all uncorrelated white-noise series with equal
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variances and A, is some stationary series. Within the set D = (X,, Y)) the
definition gives Y, = X,. Within the set D’ = (X,, Y)), it gives Z, = X,. But
within the set D” = (X,, Y,, Z,), neither Y, nor Z, causes X,, although the
sum of Y, and Z, would do so. How is one to decide if either Y, or Z, is
a causal series for X,? The answer, of course, is that neither is. The causal
series is A, and both Y, and Z, contain equal amounts of information
about A,. If the set of series within which causality was discussed was
expanded to include A, then the above apparent paradox vanishes. It
will often be found that constructed examples which seem to produce
results contrary to common sense can be resolved by widening the set
of data within which causality is defined.

IV. TWO-VARIABLE MODELS

In this section, the definitions introduced above will be illustrated using
two-variable models and results will be proved concerning the form of
the cross spectrum for such models.

Let X,, Y, be two stationary time series with zero means. The simple
causal model is

m m
X, =Y a,X_;+Y,bY._ +e,
= =1

Y, =2ch,,]-+2det,j+n,. 7
j=1 j=1

where ¢, 1, are taken to be two uncorrelated white-noise series, i.e.,
Eleg] =0 = E[nn,,s # t, and E[gg] = 0 all ¢, s. In (7) m can equal
infinity but in practice, of course, due to the finite length of the available
data, m will be assumed finite and shorter than the given time series.

The definition of causality given above implies that Y, is causing X,
provided some b; is not zero. Similarly X, is causing Y, if some ¢; is not
zero. If both of these events occur, there is said to be a feedback rela-
tionship between X, and Y,. It will be shown later that this new defini-
tion of causality is in fact identical to that introduced previously.

The more general model with instantaneous causality is

m

X, +bY, =Y a;X,_;+ b)Y, +e,
=1 =1

Yz+C0Xt:ZCth—j+zdet—j+nt' (8)
j=1 j=1
If the variables are such that this kind of representation is needed,
then instantaneous causality is occuring and a knowledge of Y, will
improve the “prediction” or goodness of fit of the first equation for X,.
Consider initially the simple causal model (7). In terms of the time
shift operator U, that is, UX, = X, 1, these equations may be written
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X, =a(U)X, +bU)Y, +¢,,
Y, =cU)X, +dU)Y, +n,,
where a(U), b(U), c¢(U), and d(U) are power series in U with the coeffi-

cient of U’ zero, i.e., a(U) = T%a;U, etc.
Using the Cramer representations of the series, i.e.,

X, = J.i; ei[dex (o), Y, = Jf” eim}dzy (o),

©

and similarly for ¢ and 7, expressions such as a(U)X, can be written as
alU)X, = J: e"a(e™)dZ . (w).

Thus, equations (9) may be written
[" e {[1-a(e™)dz. (@) - b(e™)dZ, (@) - dZ, (@)} =0,
[ e {=cle™)dz, (@) +[1- d(e™)|dZ, (@) - dZ,(@)} = 0,

from which it follows that

A[dzx} B [dzg}
dz,| ldz, (10)

A [1 —-a -b }
-c 1-d
and where a is written for a(e™), etc., and dZ, for dZ.(w), etc.
Thus, provided the inverse of A exists,

|:dZX :l ) |:dZ£ }
=A i (11)
az, dz,

As the spectral, cross-spectral matrix for X, Y, is directly obtainable
from

where

dZ.|\—= —=
E [dZ.dz,],
az,
these functions can quickly be found from (11) using the known prop-
erties of dZ, and dZ,. One finds that the power spectra are given by

1 ) 2 2
@) =o—(1-df ot +Ibl o7).

1 2 2
f,(@) = m(lcl o +[1-al o7), (12)

where A = | (1-a)y(1-4d)-bc |2. Of more interest is the cross spectrum
which has the form
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Crw) = ﬁ[a —d)co? +(1-a)ba?]

Thus, the cross spectrum may be written as the sum of two
components

Cr(w) = C,(0) + C, (o), (13)
where
o,
Ci(w)= A (1-d)c
and

2

C, ()= ;;A (1-a)b.

If Y, is not causing X,, then b = 0 and so C,(w) vanishes. Similarly if
X, is not causing Y, then ¢ =0 and so C;(w) vanishes. It is thus clear that
the cross spectrum can be decomposed into the sum of two components
— one which depends upon the causality of X by Y and the other on the
causality of Y by X.

If, for example, Y is not causing X so that C,(®) vanishes, the Cr(w)
= C,(w) and the resulting coherence and phase diagrams will be inter-
preted in the usual manner. This suggests that in general C;(w) and Cy(w)
can each be treated separately as cross spectra connected with the two
arms of the feedback mechanism. Thus, coherence and phase diagrams
can be defined for X = Y and Y = X. For example,

_ IC, (w)lz
C@=7 o)f, @)

may be considered to be a measure of the strength of the causality X =
Y plotted against frequency and is a direct generalization of coherence.
We call Cy;(w) the causality coherence.

Further,

_, imaginary part of C,(w)

(@) = tan real part of C,(®)
will measure the phase lag against frequency of X = Y and will be called
the causality phase diagram.
Similarly such functions can be defined for Y = X using C,(®).
These functions are usually complicated expression in a, b, ¢, and d;
for example,

olla-a)’
(021 ) +021bf )(o2lel* +11-af o7)

Cy(w)=
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Such formulae merely illustrate how difficult it is to interpret econo-
metric models in terms of frequency decompositions. It should be noted
that 0 < | C;V(a))| < 1 and similarly for Cj;(w).

As an illustration of these definitions, we consider the simple feed-
back system

X, =bY,_ +¢,
Y, =cX .+, (14)
where 0;=0;=1.

In this case a(@) =0, b(w) = be ™, c(w) = ce**,and d(w) = 0.The spectra

of the series {X}}, {Y}} are
1+b°
fil@)=———
27|l = bee™™|
and
1+c?

2n|l - bc.e"““’|2 ,

and thus are of similar shape.
The usual coherence and phase diagrams derived from the cross spec-
trum between these two series are

[ (@)=

c¢?+b* +2bccosw
(1+b6*)(1+c?)

Clw) =

and

_, csin2w - bsinw

®) =tan .
9(@) ccos2m + bcosw

These diagrams are clearly of little use in characterizing the feedback
relationship between the two series.

When the causality-coherence and phase diagrams are considered,
however, we get

c? b?

SOy SOy

Both are constant for all @, and, if b # 0, ¢ # 0, O5(w) = 2w (time lag of
two units),' 0:(w) = o (time lag of one unit).

The causality lags are thus seen to be correct and the causality
coherences to be reasonable. In particular, if b = 0 then Ci(w) = 0,
i.e., no causality is found when none is present. (Further, in this new case,
8:(®) = 0.)

' A discussion of the interpretation of phase diagrams in terms of time lags may be found
in Granger and Hatanaka (1964, chap. 5).
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Other particular cases are also found to give correct results. If, for
example, we again consider the same simple model (14) but with 62=1,
0;=0,1.e., n =0 for all 7, then one finds C(w) =1, Cz(w) =0,1i.e., X is
“perfectly” causing Y and Y is not causing X, as is in fact the case.

If one now considers the model (8) in which instantaneous causality
is allowed, it is found that the cross spectrum is given by

1
27N’

where A" = |(1 —a)(1-d) - (b-by)(c— co)| 2. Thus, once more, the cross
spectrum can be considered as the sum of two components, each of which
can be associated with a “causality,” provided that this includes instan-
taneous causality. It is, however, probably more sensible to decompose
Cr(w) into three parts, Cr(w) = Cy(w) + Cy(®) + C3(w), where C;(w) and
C,y(w) are as in (13) but with A replaced by A" and

Cr(w) = [(1-d)(c—cy)oi +(1-a)b-by)o,] 15)

€)= 5—ley(1- d)o? + hy(1- o] (16)

representing the influence of the instantaneous causality.

Such a decomposition may be useful but it is clear that when instan-
taneous causality occurs, the measures of causal strength and phase lag
will lose their meaning.

It was noted in Section II that instantaneous causality models such as
(8) in general lack uniqueness of their parameters, as an orthogonal
transformation A applied to the variables leaves the general form of the
model unaltered. It is interesting to note that such transformations do
not have any effect on the cross spectrum given by (15) or the decom-
position. This can be seen by noting that equations (8) lead to

(e
dz, dz,

with appropriate A. Applying the transformation A gives

d d
NrRA
dz, dz,

dz, 4 | dz,
o)
dz, dz,
- Al[dﬂ
dz,
which is the same as if now such transformation had been applied. From
its definition, A will possess an inverse. This result suggests that spectral

so that
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methods are more robust in their interpretation than are simultaneous
equation models.
Returning to the simple causal model (9),

X, =aU)X, +bU)Y, +¢,,

Y, =cU)X, +dU)Y, +n,,
throughout this section it has been stated that Y, 5 X, if b = 0. On intui-
tive grounds this seems to fit the definition of no causality introduced in
Section III, within the set D of series consisting only of X, and Y,. If b =
0 then X, is determined from the first equation and the minimum vari-
ance of the predictive error of X, using past X, will be o7. This variance
cannot be reduced using past Y,. It is perhaps worthwhile proving this
result formally. In the general case, it is clear that 6*(X | X, Y)=o0lie,
the variance of the predictive error of X, if both past X, and past Y, are
used, will be o7 from the top equation. If only past X, is used to predict
X, it is a well known result that the minimum variance of the predictive
error is given by

- 1 = 1

o’ (X|1X)= expzn_[ logznfx (w)dw. (17)

It was shown above in equation (12) that
1 ) )

@) =o—(1-dl ot +Ibl o7)
where A = | (1-a)1-4d)-bc |2.To simplify this equation, we not that

[ loglt - 0e™[ do=0
by symmetry. Thus if,
fl-a el

.20
|l - Be]

then o*(X | X ) = 0. For there to be no causality, we must have ¢ = 7. It
is clear from the form of f,(w) that in general this could only occur if N
0,in which case 27f,(w) = 62/ | 1 — a|? and the required result follows.

fx ((D) = aO

V. THREE-VARIABLE MODELS

The above results can be generalized to the many-variables situation, but
the only case which will be considered is that involving three variables.
Consider a simple causal model generalizing (7):
X, =a, (U)X, + b)Y, +c,(U)Z, + &,
Y, =a, (U)X, +b,(U)Y, +c,(U)Z, +E4
Z,=a;(U)X, +b;(U)Y, + s (U)Z, + &
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where a,(U), etc., are polynomials in U, the shift operator, with the

coefficient of U" zero. As before, ¢, i = 1, 2, 3, are uncorrelated, white-

noise series and denote the variance g, = o7.

Let azal—l,ﬁ—b2=1,7=C3—1,and
a b ¢
A=|a, Bc, |
as by y
where b, = b;(e7®), etc., as before. Using the same method as before, the
spectral, cross-spectral matrix S(w) is found to be given by S(w) =
A7'k(A”)" where
ol 0 0
K=|00;0
0 0 o7}

One finds, for instance, that the power spectrum of X is
-2 2 2 2
fi(@) =Al [0'12|,BV —c,bs|” +03le by — yhy] +0—32|b105 - Clﬂl ]

where A is the determinant of A.
The cross spectrum between X, and Y, is

C(w) = |A|_2 [0'12 (By - Czbs)(cza3 - Yaz) +05(cby — byy)
(ay - cla3) +05(bc, - clﬁ)(cla2 - czoc)].

Thus, this cross spectrum is the sum of three components, but it is not
clear that these can be directly linked with causalities. More useful results
arise, however, when partial cross spectra are considered. After some
algebraic manipulation it is found that, for instance, the partial cross
spectrum between X, and Y, given Z, is

22 2 2 2 2
[0_1 0;bsa; + 0705 fa, +0,0; bla]

fl(o)

(@)=~

where
fll@)=0c'|By - Czb3|2 +03eib; - bﬂ’l2 +05lbe, - Clﬁ|2'
Thus, the partial cross spectrum is the sum of three components
CP (@) =C"* +CyP* +C*
where

0'12622 bsa,

C Xy,z - s
' f (@)

etc.
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These can be linked with causalities. The component C**(w) represents
the interrelationships of X, and Y, through Z,, and the other two com-
ponents are direct generalizations of the two causal cross spectra which
arose in the two-variable case and can be interpreted accordingly.

In a similar manner one finds that the power spectrum of X,, given
Z, 18

oloilb, +olal|Bl’ +oiailb)’
[ ()

The causal and feedback relationship between X, and Y, can be
investigated in terms of the coherence and phase diagrams derived from
the second and third components of the partial cross spectrum, i.e.,

2
_ ny,z
coherence(xy,z) = M etc

fx.yf:v,z ’ .

fo(@) =

VI. CONCLUSION

The fact that a feedback mechanism may be considered as the sum of
two causal mechanisms, and that these causalities can be studied by
decomposing cross or partial cross spectra suggests methods whereby
such mechanisms can be investigated. I hope to discuss the problem of
estimating the causal cross spectra in a later publication. There are a
number of possible approaches, and accumulated experience is needed
to indicate which is best. Most of these approaches are via the model-
building method by which the above results were obtained. It is worth
investigating, however, whether a direct method of estimating the com-
ponents of the cross spectrum can be found.
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